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Abstract

Trackedmobilerobotsin the20 kg sizeclassareunderdevel-
opmentfor applicationsin urbanreconnaissance.For efficient
deployment,it is desirablefor teamsof robotsto be able to
automaticallyexecutepath following behaviors, with oneor
morefollowerstrackingthe pathtakenby a leader. The key
challengesto enablingsuchacapabilityare(1) to developsen-
sor packagesfor suchsmall robotsthat canaccuratelydeter-
mine thepathof the leaderand(2) to developpathfollowing
algorithmsfor the subsequentrobots. To date,we have inte-
gratedgyros, accelerometers,compass/inclinometers,odom-
etry, anddifferentialGPSinto an effective sensingpackage.
Thispaperdescribesthesensorpackage,sensorprocessingal-
gorithm, andpathtrackingalgorithmwe have developedfor
theleader/followerproblemin small robotsandshows there-
sultsof performancecharacterizationof thesystem.We also
documentpragmaticlessonslearnedaboutdesign,construc-
tion, andelectromagneticinterferenceissuesparticularto the
performanceof statesensorson smallrobots.

1 Intr oduction

Mobile robotsthat are small and light enoughto be carried
in a backpack(i.e. “packbots”)by an individual have great
potentialto enhancethe safetyandeffectivenessof urbanre-
connaissanceandrescueoperations.Thesizeandweightof a
recentprototypeof sucha robot is 60 � 50 � 17 cm and20
kg. [1] Teamsof theserobotscanbe far moreeffective than
individual robotsfor two reasons.First, a singlerobotcannot
carryall of thesensorandeffectorpayloadsrequiredfor many
missions.Second,multiple robotswill often be necessaryto
cover multiple pointsof observation.
Theneedfor multiple robotsraisestheproblemof how to nav-
igatethemfrom thedeparturepoint to theobjectivewith min-
imal burdenon thehumanoperator. Operatorinvolvementis
necessaryto designatewaypointsandintermediateobjectives
for the first robot; however, it is desirablefor the restof the
robotteamto automaticallyfollow thepathof theleader, with-
outnecessarilymaintainingvisualcontactwith eachother.
Prior work on robot leader/follower behavior hasuseda va-
riety of approaches,including visual motion trackingof the�
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leadvehicle[2] andusingINS/GPSsystemsto recordthepath
of the leader, which is then traversedby the follower using
the samesensors[3]. Methodsdependingon visual contact
do not meetthe needsof our application. Prior pathfollow-
ing work basedon INS/GPShasall beendoneonmuchlarger
vehicles.Hence,oneof themainchallengesfor packbotshas
beento identify a sensorsuitethatwould enablepathfollow-
ing within the size,weight, power, andcostenvelopeof our
vehicles.Otherchallengesincludecopingwith GPSdropouts
in urbanareasandundertreecanopies,copingwith obstacles
thatfall within thepositionaluncertaintyof thepathfollowing
system,andenablingpathfollowingthroughconstrictionsthat
requiregreaterpositionalaccuracy thanis availablefrom the
INS/GPSsensors.An exampleof thelatteris followingapath
thatleadsthrougha culvert.
We aredevelopinga leader/followersystemthataddressesall
of the above challenges[4]. We have completeda path fol-
lowing systembasedon a Kalmanfilter which integratesan
IMU, differentialGPS,compass/inclinometers,andwheelen-
coderdata. Obstacleavoidanceis achieved with an arbiter-
basedarchitecturethatcombinessteeringvotesfrom thepath
following behavior with steeringvotesfrom a stereovision-
basedobstacleavoidancebehavior.

Section2 describesthe navigation sensorsthat we selected

Figure 1: Thepackbotvehicle.

and integratedinto the robot. Section3 describesthe struc-
ture of our poseestimationKalmanfilter. Section4 outlines
the architectureof our leader/follower systemanddescribes
ourpathfollowingcontrolalgorithm.Experimentalresultsare
shown in section5. We discussthesignificanceof theresults,



highlight openissues,andoutline the extensionswe have in
progressin section6.

2 Navigation Sensors

Theprimary constraintsfor the navigation payloadareaccu-
racy, size,andpower: the sensorsmust fit within the space
and power budgetsafforded by the chassiswhile delivering
the resolutionto reliably determinethepositionof the robot.
Sincethepackbotis an autonomousplatform,all perception,
computation,andpower resourcesarecarriedon board. The
packbotis built upontheUrbanII platform(shown in Figure
1) developedby iRobot Corporation.The chassisis approx-
imately 60cm long, 50cm wide and 17cm tall with roughly
13,000cm

�
of contiguouspayloadspace.A 20-cellNiCd bat-

tery packprovides a total energy storageof 120Wh. Power
consumptionwith therobotmotionlessis approximately75W,
andthepower requiredfor driving varieswith theterrain.The
robotandall subsystemsmustbeableto survive theshockof
beingthrown or droppedmodestdistances.
Autonomouspathfollowing andgenerationrequiresthatboth
the leaderand the follower have tight control over their re-
spective positionalaccuracy. The accuracy of the navigation
sensorsdirectly limits therobot’sability to follow a pathpre-
cisely. The accuracy limit and resolutionis dictatedby the
terrainandby thefollower’slevel of autonomy. If it is desired
to have a follower blindly weave througha seriesof tightly
spacedobstacles,i.e. trees,thentheaccuracy of theestimated
positionneedsto behigh- roughlyhalf thewidth of therobot.
On the otherhand,if it is desiredto have a reactive follower
weave throughthesameobstacles,theaccuracy requirements
canberelaxed.
In orderto meetthe requirementsof operatingin suchvaried
andunstructuredenvironments,acombinationof GPSandin-
ertialsensorsis used.

2.1 GPSReceivers
Several commerciallyavailable GPSreceivers were consid-
ered. For this application,both the differentialandthe real-
timekinematicfeaturesareneeded.
TheNovAtel Millennium RT-2 wasselectedfor theinitial sys-
tem andhasperformedwell. We found that heatgeneration
andlarge turn-ontransients( � 5A) werea problemwith this
receiver. To solve theseproblems,weplanto migrateto acard
thatuseslesspower.

2.2 Inertial Navigation Sensors
Dif ferent IMU packageshave also beenstudiedthroughout
this program. At the startof the work, no integratedsystem
wasavailablewhich would fit into the payload. Thereforea
systemwasbuilt from separatecomponents.
A TCM2-50 compass/inclinometersfrom PrecisionNaviga-
tion provides compassheadingandabsolutetilt and roll es-
timates. ThreeorthogonallymountedQRS11-200rategyros
from SystronDonnerandan EGCS3three-axisaccelerome-
ter from Entranare usedto measureangularratesand iner-

tial forces. Carefulconsiderationhasto be given to the en-
tire signalpath from the sensorto the analog-to-digitalcon-
verter. Initially, excessive noisein thesignalcausedthe per-
ceived drift rateto increasedramatically. Several stepswere
takento reducethe noiseincluding separatingand isolating
power suppliessolely for the gyrosandaccelerometers,iso-
lating the power andsignal traceson the sensorandcontrol
board,shieldingthe signal traces,andtaking specialcareof
theroutingof thesignaltracesto avoid cross-talkbetweenthe
axes.
Sincethe beginning of the program,fully integratedMEMS
inertial measurementunitshave becomeavailable.Their dig-
ital output eliminatesthe needfor an analog-to-digitalcon-
verterandincreasesnoiseimmunity. Thesesensorsaremuch
smaller, requiring a half to a quarterof the volume of con-
ventionalintegratedsystems.Additionally, theseunitsarebe-
ing packagedwith magnetometerssothata completeAttitude
HeadingReferenceSystem(AHRS) solutionis possible.

3 Position Estimation

Preciselocalization is one of the main requirementsfor the
taskof autonomouspathfollowing. Thepackbotmobilerobot
is equippedwith differentialGPS(DGPS)thatprovidesposi-
tion estimateswith 2-20cmuncertaintyunderfavorablecondi-
tions. Theseuncertaintiescanbecomemuchhigherwhenop-
eratingnearbuildingsor trees,which occludesatellitesignals
makingGPSnavigationunreliable.DuringGPSdropouts,the
signalsfrom the inertial sensors,compass/inclinometers,and
motor encodershave to be appropriatelycombinedso as to
determinethelocationof therobotuntil thenext GPSupdate.
By integratingaccurateestimatesof its linear and rotational
velocity thepackbotcouldpotentiallytrackits posefor a long
periodof time. However therobot’sskid steeringhasinherent
slippagewhich makesthe estimatesbasedon the motor en-
codersignalsuntrustworthy, particularlyrotationalvelocities.
Appropriate integration of the gyroscopesignals (angular
rates)providesestimatesof theroll, pitch andyaw anglesthat
determinethe attitudeof the vehicle. A commondifficulty
found in all approachesthat rely on gyros for attitudeesti-
mation is the low frequency noisecomponent(also referred
to as bias or drift) that violatesthe white noiseassumption
requiredfor standardKalmanfiltering. Inclusionof the gyro
noisemodelin aKalmanfilter by suitablyaugmentingthestate
vectorhasthepotentialto provide estimatesof thesensorbias
when the observability requirementis satisfied. The system
becomesobservablewhenabsoluteorientationmeasurements
areavailable. In the caseof the packbot,this information is
provided by the compass/inclinometersmodule. The incli-
nometersmeasuretheattitudeof therobotwith respectto the
horizontalplanewhile the compassprovidesa measurement
of thedirectionof thevehiclecomparedto themagneticnorth.

3.1 NoiseModel for the Systron Donner Quartz Gyro
In the informationprovided in [5] it is obvious that the Sys-
tron Donnergyro doesnot have a stablebias.Frompage1-4:



“Low RateApplication- Thesegyrosshowedreasonableper-
formancefor ratescalefactorstabilitybut wouldnotbeuseful
for applicationswhere bias stability wasof high importance
to meetmissionrequirements.Thebiaschangedsignificantly
as theinput rate waschangingmakingpredictablebiascom-
pensationverydifficult”.
Longtermbiasstabilitydataweregatheredtocreateastochas-
tic model useful for attitude estimatorperformancepredic-
tion. This model assumesthat the gyro noise is composed
of 3 elements,namely:ratenoise��� �
	�� (additivewhitenoise),
rate flicker noise ��
 ��	�� (generatedwhen white noisepasses
througha filter with transferfunction ����� � ) andraterandom
walk ��� �
	�� (generatedwhenwhite noisepassesthrougha fil-
ter with transferfunction ����� ). The Power SpectralDensity
(PSD) of the gyro noise was measuredexperimentallyand
the logarithmic plots of the PSD with respectto frequency
wereusedto fit the describedmodel. The intensitiescalcu-
lated(ignoring the flicker noise)were: � ��� � � � = 0.009��� ������� � � � �! and � ��� � � � = 0.0005012

��� ������� � � �! .
Basedonthismodel[6] theangularvelocity " is relatedto the
gyrooutput "$# accordingto theequation:" � "%#'&)(*&+� �,.- � � ��	��0/ �21 (1),.- ��� ��	�� ��3� �
	 3 �0/ � � �54 ��	 & 	 3 �
where ( is thedrift-ratebiasand � � is thedrift-ratenoiseas-
sumedto be a Gaussianwhite-noiseprocess. The drift-rate
biasis not a staticquantitybut is drivenby a secondGaussian
white-noiseprocess,thegyro drift-raterampnoise:6( � � �,.- � � �
	��0/ �71 (2),.- ��� �
	�� ��3� ��	 3 �8/ � � �%4 �
	 & 	 3 �
Thesetwo noise processesare assumedto be uncorrelated
(
,.- � � �
	�� � 3� �
	 3 �0/ �21 ).

3.2 TCM2-50 Compass/InclinometersCharacterization
The TCM2 compassis comprisedof 3 orthogonalmagne-
tometersthatmeasurethelocal intensityof themagneticfield
of the earth. This informationcombinedwith the inclinome-
ters’ tilt angles- determinedby theeffectof thelocalvectorof
gravity on the containedviscousfluid - providesan absolute
measurementof the attitudeof the vehicleat a rateof 16Hz.
The expectedaccuracy is 9 1.5

�
for headingand 9 0.4

�
for

tilt. Thesemeasurementsareprocessedby the Kalmanfilter
in order to estimatethe gyroscopes’biasesand reducetheir
influenceon theorientationestimates.
Sincethecompassis affectedby localmagneticfieldspresent

on the robot, it hasto be calibratedin order to compensate
for static fields. However, suchprocedurecannotdeal with
the dynamicfields producedby the metallic belts inside the
tracksof therobot.Experimentaltestingof thecompasswhile
manually rotating the tracks has shown variancesof over
130

�
(Figure2). Now, nylon beltedtracksareusedwhenever

possiblein orderto avoid this problem.

0 50 100 150 200 250 300 350
100

150

200

250

sample # (16 Hz rate)

he
ad

in
g 

(d
eg

)

Figure 2: Effect of trackmovementon compassheading.

3.3 Kalman filter basedattitude estimation
3.3.1 Dynamic Model Replacement: In our imple-

mentationof aKalmanfilter observerwhich,estimatestheori-
entationof therobot,weemployedsensormodelinginsteadof
dynamicmodeling.Themainreasonsfor thisare:(i) dynamic
modelingwould have to beredoneevery time thereis a mod-
ification to the robot, (ii) dynamicmodelbasedobserversre-
quirealargenumberof statesthatincreasesthecomputational
needswithoutproducingsuperiorresults[7].1

3.3.2 Attitude kinematics and error state equations:
Thethree-parameterEuleranglerepresentationhasbeenused
in mostapplicationsof theKalmanfilter in robot localization
[8, 9]. However the kinematicequationsfor Euler anglesin-
volvenon-linearandcomputationallyexpensive trigonometric
functions. The computationalcost using quaternionsis less
thanusingEulerangles.It is alsomorecompactbecauseonly
four parameters,ratherthannine,areneeded.Furthermorein
the Euler anglerepresentationthe anglesbecomeundefined
for somerotations(the gimbal lock situation)which causes
problemsin Kalman filtering applications. Amongstall the
representationsfor finite rotations,only thoseof four parame-
tersbehave well for arbitraryrotations[10].
Thephysicalcounterpartsof quaternionsaretherotationalaxis:� andtherotationalangle ; thatareusedin theEulertheorem
regardingfinite rotations.Taking the vectorpart of a quater-
nion andnormalizingit, we canfind the rotationalaxis right
away, andfrom the lastparameterwe canobtaintheangleof
rotation[11]. Following thenotationin [12] a unit quaternion
is definedas: < � =?><<5@BA � = :�C��D�� � ; ��5EF� � ; � A (3)

with theconstraint<HGI< � � , :� � - ��J���K���L / G is theunit vector
of theaxisof rotationand ; is theangleof rotation.

1Theinterestedreaderis referredto [14] or [13] for a detaileddiscussion
onthesubjectof sensorvs. dynamicmodeling.



The rateof changeof the quaternionwith respectto time is
givenby: MM 	 < �
	�� � �NPO � >" �
	��Q� < �
	�� (4)

O � >" � � = -
- >" /R/ >">" G 1 ATS -R- >" /U/ �WVX 1 " � &Y"[Z&Y" � 1 "]\" Z &]" \ 1 ^_
where

>" � > 6; is therotationalvelocity vector. At this pointwe
presentanapproximatebody-referencedrepresentationof the
error statevector. The error stateincludesthe biaserror and
thequaternionerror. Thebiaserroris definedasthedifference
betweenthetrueandestimatedbias.` >( � >(bac�ed�f%& >(bg (5)

Thequaternionerrorhereis not thearithmeticdifferencebe-
tweenthe trueandestimated(asit is for thebiaserror)but it
is expressedasthequaternionwhich mustbecomposedwith
theestimatedquaternionin orderto obtainthetruequaternion.
Thatis: 4 < � < ah�Qd�fji <lk \gnm < ah�Qd�f � 4 < i < g (6)

Theadvantageof thisrepresentationis thatsincetheincremen-
tal quaternioncorrespondsverycloselyto asmallrotation,the
fourth componentwill be closeto unity andthusthe attitude
informationof interestis containedin thethreevectorcompo-
nent 4 >< where 4 <po = 4 ><� A (7)

Startingfrom equations:MM 	 < ah�ed�f � �NPO � > 6;Fac�ed�f � < ah�ed�f (8)

and
MM 	 < g � �NjO � > 6;qg � < g (9)

where
> 6; ac�ed�f is the true rateof changeof the attitudeand

> 6; g
is the estimatedratefrom the measurementsprovidedby the
gyros,it canbeshown [13] thatMM 	 4 >< � -R- >" # /
/ 4 >< & �N � ` >(%r >��� � S MM 	 4 < @ �'1 (10)

Using the infinitesimalangleassumptionin Equation(3), 4 ><
canbewrittenas 4 >< � �NC4 >; (11)

andthusEquation(10)canberewrittenasMM 	 4 >; � -
- >"%# /R/ 4 >;s& � ` >(%r >� � � (12)

Dif ferentiatingEquation(5)andmakingthesameassumptions
for thetrueandestimatedbiasasin theprevioussection(Equa-
tions(2) and(3)), thebiaserrordynamicequationcanbeex-
pressedas

MM 	 ` >( � >��� (13)

CombiningEquations(12) and(13) we candescribetheerror
stateequationasMM 	!t 4 >;` >(vu � = -U- >"$# /U/ &xw �qyz�1 ��yz� 1 ��y{� A t 4 >;` >(vu (14)r = &pw ��y{� 1 ��y{�1 �qyz� w ��y{� A = >���>� � A
or in amorecompactformMM 	 `.| �2} `.| r+~�� (15)

This last equationdescribesthe systemmodel employedin
thecurrentKalmanfilter implementation[13]. Thisestimator
combinesthegyroscopesangularrateswith theabsoluteorien-
tationmeasurementsfrom thecompass/inclinometersin order
to estimateboththeattitudeof thevehicleandthegyrobiases.
As shown in [14]. this estimatoractsasa high passfilter on
thegyro signalsby filtering out thelow frequency noisecom-
ponent(bias)while weighingmoretheir contribution during
high frequency motion when the compass/inclinometersare
susceptibleto disturbances.If absoluteorientationmeasure-
mentsareavailablecontinuously, the filter is capableof con-
tinuouslytrackingthegyro biases.In our casetherobotuses
thecompassonly whenstopped,thereforethefilter updatesits
estimateof thebias(Figure3) only intermittentlybasedon its
effect on theattitudeestimatesduringthepreviousinterval of
motion. The resultingattitudeestimates(Figure4) are then
combinedwith the translationalvelocity measurementsfrom
the motor encodersto provide positionestimatesin between
GPSupdates.2
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Figure 3: BiasEstimation(simulationresults):Theflat partsof the
estimatedepict theconstantbiasassumptionin the inte-
grator. Thesharpstepchangesoccurwhenabsoluteori-
entationmeasurementsbecomeavailable(every 100sec).

2We arein theprocessof enhancingthecurrentKalmanfilter implemen-
tation so asto fusedatafrom the accelerometersand the GPSandprovide
improvedpositionestimates.
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Figure 4: Attitude Estimation(simulationresults): The solid line
representsthe actualorientation(yaw) of the robot, the
dottedline shows the dead-reckonedyaw estimatesob-
tained by simply integrating the gyro signals, and the
dashedline correspondsto the Kalman filter estimates
when compassmeasurementsare provided to the filter
intermittently (t=100, 200 sec). Even though all the
compassmeasurementsduringthis interval aredisplayed
here,only two of themwereprocessedfor theorientation
updatesof thefilter.

4 SystemArchitecture and Leader Follower Control

Figure 5: SystemArchitecture.

4.1 SystemArchitecture
The systemarchitectureusedto control the packbot is de-
signedto allow multiple behaviors to commandthe robot si-
multaneously. The driving commandsfrom thesebehaviors
arearbitratedupon,andfrom thema final commandis com-
posed. This allows several behaviors usingmultiple sensors
andimagersto work togethereffectively to carryout thecom-
mandedmissiongoals(seeFigure5). Thenavigationsensors
aremanagedby devicedriverswhichpassdatathrougha soft-
waremessagequeueto a singlesoftwaretask which carries
outthenecessarycalculations.This taskrunstheKalmanfilter
andpositionestimationalgorithmsafter eachpieceof sensor

datacomesin. It thenupdatesthecurrentstateof therobot in
a sharedmemoryspacewhereothertaskscanaccessit. Cur-
rently the GPSis usedto determinetherobot’s positionboth
for recordingandfollowing paths.However whentherobotis
indoors,or whenit drivesinto GPS-dropoutareas,theposition
estimationis calculatedwith a simpleinterpolationusingthe
Kalman-filteredheadingandaraw odometryestimatefrom the
wheelencoders.
Thepathrecordingandpathfollowing code,aswell asother
softwaretasks,can accessthe latest robot position and ori-
entationestimatesat variable ratesand make decisionsac-
cordingly. A softwaretask monitorsthe robot’s currentpo-
sition andrecordsa 3-D point after a certainconstantoffset
hasbeenpassedtherebyforming the robot’s trail from suc-
cessive points.Therobot’strail is accessed,downloaded,and
theneditedusing the OperatorControl Unit, a GUI running
on a laptopthat is usedto control andtestthe packbot. The
modifiedor wholetrail is sentto anotherrobotor backto the
samepackbot,which acceptsthetrail andpassesit to thepath
following module.

4.2 Path following control algorithm
Pathfollowing steeringcontrol is basedon a carrot-following
approach.A setof subgoalsis transmittedto thefollowervehi-
cle. Thefollowervehicleusesthelast two subgoalsto extend
thepathsequencebackwards,asshown in Figure6. The fol-
lower vehicle thenusesthis extendedpathsegmentto locate
a carrotpositionthat lies a lookaheaddistance� away from
thevehiclecenter. Thecarrotpositionis updatedevery cycle
by thepathfollowing algorithm.At any giveninstant,thefol-
lower assignsthe largestweight to thearc thatpassesclosest
to thecarrot.

The carrot is locatedby finding the intersectionof a circle

Figure 6: CarrotFollowing Approach.

(centeredat thevehiclecenterwith radius� ) andtheextended
pathsegment. If therearetwo intersections,the onebeyond
the lateralposition is chosen.If thereis no intersection,the
lateral position is chosenas the carrot. The steeringcurva-
ture thatwill move thevehiclecenterdirectly over thecarrot
positionis chosenasthecommandedcurvature.



4.3 Pure Pursuit Controller
Theauthorshave experimentedwith two controllersthatpro-
duce commandcurvatures: pure pursuit and proportional-
integral-derivative(PID) control.Purepursuithasbeenwidely
usedasasteeringcontrollerfor autonomousvehicles[15, 16].
Amidi andThorpe[17] comparedpurepursuitwith a quintic
polynomialfit methodanda classiccontrol theoryapproach.
OlleroandHeredia[18] analyzedthestabilityof thepurepur-
suitalgorithmfor pathfollowingatconstantspeed(3, 6,and9
m/s)for straightandconstantcurvaturepathsections,estimat-
ing thetime lag for computing,communications,andactuator
delay. Kelly [16] hasdescribedanadaptive purepursuitcon-
troller, allowing the look-aheadgainto increaseasa function
of thelateralpatherror. Rankin[19] hasevaluatedapurepur-
suit controller, a PI controller, anda weightedpurepursuit/PI
controller.
Thecontrollingequationfor purepursuitis shown in Equation
(16). ��� dF��f � dF�b��dFg
a is thecommandcurvatureand ���e� �e�b��a is the� coordinateof thecarrotpositionasmeasuredin thevehicle
coordinatesystem. Purepursuit is a proportionalcontroller,
where, ���e� �e�b��a representsthecurrenterror and

� N ��� Z � repre-
sentstheproportionalgain. Thelookaheaddistance� should
beappropriatefor themissionspeed.��� dF��f � dF����dFgUa%� = N� Z A ���e� �Q����a (16)

4.4 PID Controller
Thesecondmethodof steeringcontrol thatwasimplemented
is a proportional-integral-derivative (PID) controller, as ap-
plied to theerrorin thevehicle’sheading.Theidealizedequa-
tion of a PID controlleris shown in Equation(17). PID con-
trol containsatermthatis proportionalto theerror, onethatis
proportionalto theintegralof theerror, andonethatis propor-
tional to thederivativeof theerror[20].�l�C�b� �
	�� � ~ = � ��	�� r �� ��� a� � ����� M � r � � M � �
	��M 	 A (17)

The integral term actsas a spring (in a spring-mass-damper
system)in that it eliminatessteadystateerror. Thederivative
term actsas a damper. The parametersthat are characteris-
tic to thesystemaretheproportionalgain ~ , theintegral time� � , thederivativetime

� � , andthesamplingtime
�

. For small
sampletimes

�
, theidealizedequationcanbewrittenasanon-

recursive differenceequation,asshown in Equation(18).�l�C�b�s� � � ~ t �5��r �� � � k \� gh� � � g r � �� � �5�.&)�5� k \ � u (18)

Theheadingerror �5� is calculatedby findingtheorientationof
thevectorfrom thevehicle’scontrolpointto thetargetposition
with respectto theaxisin thedirectionof thevehicle’scurrent
heading.A positive error resultsin a left turn anda negative
errorresultsin a right turn. Equation(18) canberewritten as
thedifferenceequation� �C���x� � � � �C���x� � k \ r < � � � r < \ � � k \ r < Z � � k Z (19)

where, < � � ~ = �*r � �� A ��� ��r � ��
< \ � &p~ = �*r N � �� & �� � A � & � � & N � �� r � � �

< Z � ~ = � �� A � � ��
The PID controllerworks to force the headingerror to zero
so that the vehicleis alwayspointedtowardsthe currentcar-
rot position. Theparameters� � , � � , and � � arerespectively
proportional,integral andderivativegains.When � � �21 , the
PID controlleris reducedto a proportional-integral (PI) con-
troller.

4.5 CombinedPure Pursuit/PID Control
Both the pure pursuit and PID methodsof steeringcontrol
have advantagesand disadvantages. The pure pursuit con-
troller is easyto tune and performswell when the follower
vehicleis startedon or neartheextendedpathsegment.If the
lateralpatherror is large, however, this methodcanbecome
unstable.Stability canbeimprovedby usinganadaptive pure
pursuitcontroller. With the adaptive version,the look-ahead
distanceis a function of the lateralpatherror. The adaptive
controller, however, cancauseasignificantportionof thepath
segment(traversedby theleadervehicle)to beignoredby the
followervehicle.
The PID methodis stable(whenadequatelytuned)over the
rangeof headingerrors. This includesthe scenariowhere
thereis a large lateralpatherror. This controllerdoes,how-
ever, causeaninherentlateralpatherrorwhentravelingaround
curves.In anattemptto combinethedesirablefeaturesof both
thestandardpurepursuitandPID controllersinto asinglecon-
troller, the outputof eachcontrolleris averaged,asshown in
Equation(20). Thearc that is closestto this curvatureis then
assignedthelargestweight.� � � #]#s�b�{� � ��� dF�bf � dF�b��dFg
a r��l�C�b�N (20)

5 Experimental Results

5.1 Indoor Testing
Thepathfollowingalgorithmis currentlybeingrunatarateof
10 Hz which is thesamerateatwhich thepositionestimateis
updatedusingeitherodometryor GPSdata.Dueto thereport-
ing speedof the inertial navigationsensors,theKalmanfilter
updatestheheadingat over 256Hz. During all teststherobot
traversedthepathsataspeedof 50cm/sec.To provideenough
detail to describethe pathwithout accumulatingan unneces-
sarynumberof points,aninterval of approximately20cmbe-
tweenpointswasusedto recordtherobot’strail.
Initially, several indoor runs were usedto test the follower



algorithm and tune its parameters. Figure 7 shows a path
recordedby thepackbotandthethreeseparatepathfollowing
runscarriedout by thesamerobotusingthedifferentcontrol
methods(purepursuit,PID, andthecombinationof the two).
In the indoor testsno GPSdatacould be received so all po-
sition estimatesusedtheKalmanfilter headingandodometry
from the wheelencoders.This alsomeansthat only relative
robot coordinateswere known so even thoughthe start and
finishof therunsareat thesamepointsin thegraph,in actual-
ity therobotwaspossiblystartingin verydifferentlocations.
Thepurepursuitmethodtendedto oscillateover thepathbe-
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Figure 7: IndoorTestings.

ing followed more than the PID but it alsomanagedto stay
closerto thepathin general.ThePID controlkepttherobot’s
headinggoing in a paralleldirectionwith the pathbut main-
taineda slight offset for longerperiodof time than the pure
pursuitcontrol. Currentlywork is beingdoneto tunethePID
controller to bettersuit the packbotsystem. The averageof
the controllererror wasusedas a numericalmeasureof the
performanceof eachalgorithmacrossvariousruns. Thesim-
ple combinationof the two controllersconsistentlyreported
thelowestcontroller-erroraverages.

5.2 Outdoor Results
In outdoorrunsthepackbotagainwasusedto tracea pathand
thenwasgiven its own trail to follow. During theseteststhe
Kalmanfilter providedtherobot’sheadingandtheGPSgave
position data. While in motion the compass/inclinometers
noiseis higherandthusthe Kalmanfilter reliesmoreon the
gyropackagefor headingapproximation.
In Figure 9 a GPSdropout is indicated. When driving un-
der the obstacle,a small SUV, all GPSdatawascut off and
the robot positionestimatorhadto rely on the Kalmanfilter
headingandwheelodometryexclusively. Using this method
the recordedtrail was interpolatedthroughthe GPSdropout
smoothlyandthe packbotwasableto follow the pathup to,
under, andpasttheobstaclewithout any noticeableproblems.
TheGPSdataconvergedapproximately10-14secsafter leav-
ing the dropout areaat which point the position estimator

switchedbackto usingit to reportthepackbot’s location.
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Figure 8: Outdoorfollowing.
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Figure 9: Outdoorfollowing with GPSdropout.

6 Summary and Extensions

In summary, we have integrated three-axisgyros and ac-
celerometers,a compass/inclinometerpackage,track odom-
etry, differentialGPS,andan indirect,error-stateKalmanfil-
ter into a sensorsystemfor small robot positionestimation.
We summarizedproblemsthat arosewith thesesensorsand
thesolutionswe found.Oursensorsurvey includedintegrated
IMUs thatwill soonbeon themarket.Thesearesmallerthan
thecombinationof sensorsusedhereandhave advertisedper-
formancespecificationsthatareat leastasgoodasthesensors
we usenow; theseIMUs areattractive for futuresystems.
In the leader/follower behavior, we implementedthreever-



sionsof thepathfollowing controller:purepursuit,PI, andan
averageof thetwo. Indoorandoutdoorexperimentsoverupto
roughly40metersshowedgoodperformancefor all threecon-
trollers,with maximumpathdeviationson theorderof 50 cm.
This includedsegmentswherethe path went undervehicles
thatcausedGPSsdropouts.Theaveragingcontrollershowed
bettererrorperformancethaneitherpurepursuitor PI alone.
In future robot systemsandexperiments,positionestimation
performancemaybeworsethanreportedheredueto largerar-
easof GPSdropoutor theuseof smaller, lowercostGPSunits
with poorerprecision. We are currently extendingour sys-
temto includepathsmoothingto addressGPSdropoutsandto
includespecial-purposelandmarkrecognitionfor pathfollow-
ing throughconstrictedareasof known types,eg culvertsand
doorways.We arealsopursuingmoregeneraloutdoormap-
ping and landmarkrecognitionalgorithmsto further reduce
therelianceonGPS.
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